findings suggest that [ 18 F]AV1451-PET data naturally clusters into spatial patterns that are biologically meaningful and that may offer advantages as clinical tools.
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| INTRODUCTION
Alzheimer's disease (AD) is neuropathologically defined by the presence of widespread extracellular plaques containing amyloid-β and intracellular neurofibrillary tangles consisting of aggregated tau proteins (Braak & Braak, 1991; Masters et al., 1985) . While amyloid-β may be present decades prior to symptom onset (Jansen et al., 2015) , the presence of neocortical tau is temporally more closely related to current cognitive status and degree of neurodegeneration, as convincingly demonstrated by studies utilizing post-mortem tissue, animal models, cerebrospinal fluid and, more recently, the positron emission tomography (PET) tracer [
18 F]AV1451 (Arriagada, Growdon, Hedleywhyte, & Hyman, 1992; Bejanin et al., 2017; Nelson et al., 2013; Ossenkoppele et al., 2016; Van Rossum et al., 2012) . [
F]
AV1451 binds paired helical filaments of tau with high affinity and selectivity (Chien et al., 2013; Lowe et al., 2016; Marquié et al., 2015 Marquié et al., , 2017 Xia et al., 2013) , and can be used to investigate the distribution of tau pathology in the living human brain. Several studies have shown strong spatial resemblance between in vivo tau PET patterns and neuropathological staging of neurofibrillary tangles as proposed by Braak and Braak (Cho et al., 2016; Schöll, Lockhart et al., 2016; Schwarz et al., 2016) , reflecting prototypical progression from [trans]entorhinal (stage I/II) to limbic (stage III/IV) to isocortical (stage V/VI) regions (Braak & Braak, 1991) . Furthermore, regional [
18 F]AV1451 retention co-localizes with sites of brain atrophy or hypometabolism Xia et al., 2017) and has been associated with impairments in specific cognitive domains (Bejanin et al., 2017; Ossenkoppele et al., 2016) .
Given this strong regional specificity of tau pathology, it is important to consider how regions-of-interest (ROIs) are defined, as they could potentially impact study outcomes. To date, most studies employing tau-PET tracers involved ROIs constructed based on neuropathological studies. For example, some studies mimicked the Braak stages in vivo (Cho et al., 2016; Schöll, Lockhart et al., 2016; Schwarz et al., 2016) , while others selected specific regions reflecting early (e.g., entorhinal cortex) or more advanced (e.g., inferior temporal cortex) disease stages (Johnson et al., 2016) . These approaches have several advantages as they are supported by fundamental research and enhance generalizability across studies. However, compared with neuroimaging, neuropathological data typically include only a few slices in a constrained number of brain regions, and brain tissue is affected by death (Scheltens & Rockwood, 2011 non-specific binding and imaging related noise (e.g., partial volume effects) Harada et al., 2018; Ikonomovic, Abrahamson, Price, Mathis, & Klunk, 2016; Lockhart et al., 2017; Lowe et al., 2016; Marquié et al., 2015; Ng et al., 2017; Schöll et al., 2016 ). An alternative approach could therefore be to select ROIs based on datadriven approaches (Dickerson et al., 2011; Grothe, Barthel, Dyrba, Sabri, & Teipel, 2017; Landau et al., 2011; Pankov et al., 2016) , thereby taking full advantage of the abundance of information contained in neuroimaging data, but also accounting for the idiosyncrasies of PET imaging data.
In light of ongoing efforts to define appropriate ROIs and determine tau PET-positivity, it is important to compare data-driven approaches (agnostic, "where is the tau?") with theory-derived ROIs based on post-mortem studies (directed, "is the tau here?"). In the present study, we applied an unsupervised algorithm to identify clusters of [ 18 F]AV1451 signal and compared the spatial patterns of these clusters with neuropathologically derived ROIs described in previous publications. As a secondary analysis, we tested which ROIs best correlated with global cognition in an independent cohort of cognitively normal, mild cognitive impairment, and AD dementia subjects. We hypothesized that our data-driven approach would corroborate neuropathological findings, but would also present novel information leading to enhanced associations with cognition. This included 43 cognitively normal elderly controls, 37 patients with MCI, and 10 patients with a recent diagnosis of Alzheimer's dementia (Table 1) .
| MATERIALS AND METHODS

| Participants
In addition to imaging data, age, sex, education, diagnosis, amyloid-β status on [18F]florbetapir PET (Landau et al., 2013) , and scores from six tests measuring global cognition or activities of daily living were downloaded from the ADNI-LONI website (adni.loni.usc. edu). The cognitive tests were as follows: Mini-Mental State Examination (MMSE) (Folstein, Folstein, & McHugh, 1975) (Pfeffer, Kurosaki, Harrah, Chance, & Filos, 1982) . We also downloaded the ADNI-MEM score, an episodic memory composite score provided by ADNI (Crane et al., 2012 Figure 2 ) (Bellec, Rosa-Neto, Lyttelton, Benali, & Evans, 2010) . BASC is a two-step consensus-clustering algorithm that enhances the stability of the clustering process by repeatedly clustering bootstrapped samples of the input data, and deriving the final partition from this stability matrix, rather than the original data (c.f., Fred & Jain, 2005) . This approach offers two advantages in the context of this study. First, the stochastic nature of many clustering algorithms tends to lead to different solutions depending on their initialization state, whereas BASC performs clustering on a stability matrix generated from many solutions (and thus many initializations). reduces the dimensions of the data with a previously described region-growing algorithm (Bellec et al., 2006) , which was set to extract spatially constrained atoms (small regions of redundant signal) with a size threshold of 1,000 mm 3 . In order to reduce computational demands, the Desikan-Killiany atlas (Desikan et al., 2006 ) was used as a prior for region constraint, and the data was masked with a liberal gray matter mask, which included the subcortex but had the cerebellum manually removed (since this was used as the reference region for Finally, hierarchical agglomerative clustering with Ward criterion is applied to the stability matrix, resulting in the final clustering solution.
The process is repeated over several clustering solutions (k = 1-50), and the MSTEPs method (Bellec, 2013) was implemented to find the most stable clustering solutions at different resolutions. In the interest of multiple comparisons, and similarity to Braak neuropathological staging (i.e., six ROIs), we chose the lowest resolution solution for subsequent analysis (though the other two solutions are visualized). Note that no size constraints were imposed on clustering solutions (except at the level of atom-size in the region-growing-see above). Clustercores were determined as voxels where cluster probability membership exceeded 0.5 (BASC default setting), eliminating unstable voxels from analysis (Bellec et al., 2010; Garcia-Garcia et al., 2018) . After determining cluster-cores in the BIOFINDER cohort, we extracted the average [ 18 F]AV1451 SUVR for each cluster core from all ADNI subjects, and these values were used for subsequent analysis investigating associations with cognition.
The choice of the k-means algorithm for the initial clustering and hierarchical clustering with ward criterion for partitioning the stability matrix are somewhat arbitrary. The k-means is a particularly fast algorithm and therefore lends itself well to bootstrapping. Meanwhile, the hierarchical clustering routine used in BASC is an appropriate algorithm for the stability matrix, which is a similarity matrix, and it provides solutions at multiple resolutions making it amenable to the BASC framework (Bellec et al., 2010) . Both algorithms are standard, well validated, simple, and involve few free parameters. This latter point is important, as BASC itself only has a few principle parameters:
namely the number of clusters to extract (in this case, determined by MSTEPS), the number of bootstrap samples (in this case, 1000), and the size of the bootstrap sample (in this case, the length of the input data-123 cases) (Bellec et al., 2010; Orban et al., 2015) . Other parameters are associated with some of the steps peripheral to the central BASC algorithm, namely the region growing preprocessing step and MSTEPS algorithm to determine the number of clusters, and these parameters were left to their default settings. Briefly, the region growing includes a threshold parameter limiting the maximum size of "atoms," which is mostly related to computational demand. 
| Definition of Braak stage ROIs described in other studies
A number of studies have created ROIs mirroring the Braak stages described from pathological studies. To test the utility of our data-driven ROIs vis-à-vis those defined in correspondence to the pathological literature, we recreated the Braak ROIs described in three different studies (Cho et al., 2016; Schöll, Lockhart et al., 2016; Schwarz et al., 2016) . SUVR was extracted for each ROI (35 in total) for each subject.
| Similarity between data-driven clusters, anatomical ROIs, and Braak stage ROIs
We compiled descriptive information about the similarity between our cluster-derived ROIs and the Braak ROIs from the literature. For For each cluster, we calculated the Dice coefficient representing withincluster agreement between the two clustering solutions. We also performed the same analyses constrained within the cluster-cores from the BioFINDER solution, assuming the agreement should be higher within the cores. We also calculated both the adjusted Rand index and adjusted mutual information score (passing the BioFINDER solution as the "true labels") as a measurement of overall consistency between the two clustering solutions. To put these measurements into context, we performed five 50% splits of the ADNI data and compared clustering solutions between each split. The purpose of this analysis was to identify whether clustering within the ADNI dataset showed greater or less stability compared with the stability between the ADNI and BioFINDER datasets.
| Statistical analysis
Our secondary analyses were aimed at assessing the utility and generalizability of our data-driven covariance networks. We performed linear models between these covariance networks and the scores from six different available test scores assessing global cognition and function (see Supporting Information Table S1 ). In addition, the scores were summarized using Principal components analysis (PCA) using singular value decomposition. The PCA was fit to data from the six cognitive test scores, which were scaled to a 0 mean with unit variance.
The first component explained 72% of the total model variance, and was used to transform the cognitive data into a single Global Cognition composite score. In order to identify a sparse set of non-redundant covariates that best describe the global cognitive data in ADNI, we submitted all 40 tau ROIs plus age, sex and education to a Least Absolute Shrinkage and Selection Operator (Lasso) regression-based feature selection routine. The Lasso uses L1 regularization (coordinate descent) to penalize regression coefficients based on their maximum likelihood estimates, and is therefore a useful approach to select a small number of variables from a large number of collinear covariates. In the current implementation, the degree of penalization is optimized using 10-fold cross-validation. All tau ROIs and demographics were scaled to be mean-centered with unit variance, and entered into the Lasso regression model with the Global Cognition composite score as the dependent variable. Features selected by the Lasso (absolute beta >0.25)
were entered together into a general linear model (GLM) with MMSE as the dependent variable. Additionally, to ensure our results were representative of global cognition and not specific to the composite score, the fitted values from this GLM were used to predict scores of each of the six cognitive tests. Finally, the Lasso was repeated separately for each of the individual tests as well.
With the exception of BASC, all statistics were implemented using the pandas, numpy, scipy, and scikit-learn (Pedregosa et al., 2012) packages in Python 3.5.2 (https://www.python.org/).
3 | RESULTS AV1451 signal covariance across subjects. The MSTEPS algorithm identified 5-, 9-, and 32-cluster solutions as optimal solutions. The parcellations generated from the three stable clustering solutions are visualized in Supporting Information Figure S1 . For the purposes of comparing with Braak stage ROIs, we chose the lowest-resolution solution (k = 5) for subsequent analyses, visualized in Figure 2 . The clusters were interpreted and named as follows: "1: Subcortical," "2:
| Participant characteristics
Frontal," "3: Medial/Anterior/Inferior Temporal," "4: Temporoparietal," and "5: Unimodal Sensory." Cluster 3 bore resemblance to regions often involved in early tau aggregation and atrophy (Braak & Braak, 1991) , while Cluster 4 also appeared similar to regions commonly associated with neurodegeneration in AD (Dickerson et al., 2011; Landau et al., 2011) . Of note, the hippocampus was largely unrepresented in any of the cluster-cores, though some voxels in the head of the hippocampus were included in Cluster 3, and a few distributed voxels were included in Cluster 1 (Subcortex). However, using a winner-takes-all clustering approach, the voxels in the hippocampus were almost equally distributed between Cluster 1 and Cluster 3.
| Similarity to Braak ROIs
Descriptive metrics were used to quantify the spatial similarity between the data-driven covariance networks and the Braak Stage ROIs intro- To ensure our results were not specific to the Global Cognition composite score, we repeated this analysis using the six individual measures of global cognition and function that composed the composite score (Supporting Information Table S1 ). The data-driven Cluster 4 ("Temporoparietal") described global cognition better than all other ROIs using four of the six cognitive measures, and was in the top five for all of them.
Across all cognitive measures, Clusters 4 and 3 ("Medial/anterior/inferior temporal") ranked best and second best, respectively, at describing global cognitive data ( Figure 5) . Notably, the Schwarz Stage I ROI also performed well across cognitive measures, except for the MMSE.
Finally, since many ADNI subjects had either MCI or were at early stages of dementia and may not show great variation in tests of global cognition scores, we repeated the above analysis substituting global cognition with a composite measure of episodic memory. (Supporting Information Table S2 ) shows the top five ROIs with the strongest associations with episodic memory. Although none of the associations survived correction for multiple comparisons, the strongest associations were found with early stage pathological ROIs (resembling (trans)enthorinal cortex), followed by the data-driven temporoparietal ROI.
| Identifying a combinatorial tau-PET biomarker for cognition
Next, all tau ROIs were entered into a Lasso regression model in order to identify a sparse set of covariates that best describe global 18 F]AV1451 in that region and the cognitive score. The ranks were then summed across all cognitive measurements and are displayed here. The data-driven cluster 4 ("Temporo-parietal") ranked the best cumulatively across cognitive tests, with the data-driven cluster 3 ("medial/inferior/anterior temporal") ranking second best [Color figure can be viewed at wileyonlinelibrary.com] Figure 6 ) compared with the individual effect sizes of each covariate (highest r 2 = 0.12). The earlier negative association between Cluster 4 and Global Cognition was strengthened (t = −4.98, p < .001), although positive associations were seen for the other two covariates (Schwarz Single 6: t = 3.61, p = .001; Education: t = 2.53, p = .013).
In addition, the fitted values of this GLM explained 18.7-26.2% of the variance in the six individual cognitive tests composing the composite score (all p < .001), indicating the model generalizes well to individual cognitive tests (Supporting Information Table S3 ). Finally, the Lasso feature selection analysis was repeated for the six individual tests of global cognition. The data-driven Cluster 4 was selected across all six analyses, and was the only ROI selected for two analyses (Supporting Information Table S4 ).
| Reproducibility of tau-PET clusters across datasets
BASC analysis was run a second time on the 90 ADNI [ . When restricting the analysis only to voxels contained within the BioFINDER cluster-cores, the agreement between the two datasets improved (Figure 7b ). This observation was consistent across all clusters except the temporo-parietal cluster, and provides evidence supporting the notion that voxels that covary stably within datasets may also show more stable covariance across datasets.
For the purposes of comparison, BASC was performed on five random 50% splits of the ADNI sample, and the resulting partitions were compared with one another. The average adjusted Rand index across these five within-ADNI train/test splits was 0.166 (SD = 0.031) and the average adjusted mutual information score was 0.225 (SD = 0.021). These within-dataset scores were equivalent to the betweendataset scores when restricted to cluster-cores (adjusted Rand index = 0.164; adjusted mutual information score = 0.233).
| DISCUSSION
In the present study, we applied an advanced unsupervised algorithm to identify clusters of [ Furthermore, signal in the hippocampus was heterogeneous, adding additional evidence that [
18 F]AV1451 signal in this structure should be interpreted with caution (Cho et al., 2016 Ikonomovic et al., 2016) . Similarly, our data-driven approach suggested that most (but not all) frontal lobe structures exhibited [ Table S5 for a summary). However, this pattern was not fully reproduced within the ADNI sample, and so the staging of different ROIs may require further study with larger samples.
Despite the clusters being derived from a sample with several important and disease-relevant differences compared with the testing sample, these data-driven ROIs described global cognitive data slightly better than regions derived from autopsy studies. While the improvement over the other regions was subtle, the increasing movement toward the development of biomarkers demands optimization of ROIs to summarize [ 18 F]AV1451 signal (Frisoni et al., 2017; Maass et al., 2017; Mishra et al., 2017) . As such, even small improvements are important for studies assessing more subtle effects of cortical tau accumulation and studies seeking optimal biomarkers for multimodal classification or disease progression (Ota, Oishi, Ito, & Fukuyama, 2015) . The improvement observed is likely due to the data-driven nature of the method used for derivation of the clusters. [
F]AV1451
may be binding to several off-target agents, such as (neuro)melanin, iron, vascular pathology, and MAO-A/B Lowe et al., 2016; Marquié et al., 2015; Ng et al., 2017) , and as such, [ entorhinal cortex, showed the strongest association with episodic memory in a cohort of individuals with normal cognition, mild cognitive impairment, and early AD dementia. This finding supports previous literature highlighting relationships between medial temporal lobe tau pathology and decline in episodic memory (Maass et al., 2018) .
However, it is noteworthy that the data-driven temporo-parietal ROI was again among the top performing ROIs in describing episodic memory, despite the absence of medial temporal lobe structures within this ROI.
The results of this study thus suggest a possible advantage of data-driven approaches in evaluating [ between these two datasets that rivaled the consistency of clustering within the ADNI dataset alone. Certain patterns of tau-PET accumulation emerged in key regions across both cohorts. However, the patterns of tau-PET covariance were not entirely consistent between the two datasets, which could reflect true heterogeneity across samples, or could be a matter of instability due to the relatively small sample sizes (particularly in ADNI). However, better consistency between datasets was found within the cluster-cores-regions of greatest clustering stability within the BioFINDER dataset. This finding, alongside the performance of these cluster-cores as biomarkers in ADNI, suggests some degree of cluster stability may be achieved with the BASC approach, even with smaller sample sizes.
We employed a widely used feature selection routine to identify those regions most informative in describing association between The finding of an association between education and MMSE controlling for tau pathology is consistent with the concept of cognitive reserve (Stern, 2012) , and suggests that more highly educated subjects may experience preserved cognition in the face of tau pathology (Hoenig et al., 2017 Schöll et al., 2016; Smith et al., 2016) , possibly representing binding to reactive astrocytes (Harada et al., 2018) or iron deposits . Since age was not selected by the Lasso and therefore was not included in the multivariate model, this may explain the positive association between these regions and global cognition when accounting for [ 18 F]AV1451 signal in the temporoparietal region. However, the fact that these ROIs were selected instead of age suggests they may carry additional cognition-relevant information, which may demand further exploration. Regardless, the negative relationship between Cluster 4 ("Temporo-parietal") and global cognition was substantially increased after regressing out these other variables. This suggests that (Table 1) . As a consequence, our secondary (cognitive) analysis was performed in subjects from the ADNI cohort with more restricted However, voxels are only included in the clusters derived for our analysis if the clustering occurs across greater than 50% of bootstrap samples, so it is unlikely that the clustering solution would be strongly driven by, for example, the high proportion of late-stage (i.e., AD) subjects in the BioFINDER sample. Third, contrary to other studies, we did not make an attempt to classify individuals according to stages of tau pathology. Finally, we chose not to apply partial volume correction on our data. Investigating the impact of such corrections is certainly important, but we were interested in the natural behavior of tau-PET signal before any corrections.
In order to aid future studies, we have made the [ 
